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Abstract
This paper provides detailed information about spatial interactions
in the job creation process in West German regional labor markets. We
investigate spatial (auto-) correlations in the matching process of va-
cancies and unemployed, examine regional hiring patterns, and identify
clusters of regions with intense inter-regional matching. An extensive
speciﬁcation analysis illustrates the extent of regional dependencies.
We investigate the impact of German re-uniﬁcation on regional pat-
terns of job creation, and compare regional matching eﬃciencies using
a stochastic frontier approach.
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In this paper, we investigate interactions in the job creation process in West
German labor market regions. We deal with questions such as: Do geo-
graphic environment and spatial issues matter for the matching process? In
particular, does the general job situation of neighboring regions matter for
the job creation in a given region, even if regions are broadly deﬁned as
travel-to-work areas? Are there diﬀerences in the spatial structures of all
matches, matches from unemployment and job-to-job transitions? Did Ger-
man re-uniﬁcation have a measurable impact on internal migration behavior
in West Germany? We address these issues by providing evidence for spatial
autocorrelation in labor market variables. We examine spatially augmented
empirical matching functions, and we study the regional structure of labor
market ﬂows. Moreover, we isolate regions of particularly intense inter-
regional dependencies of labor markets, so-called hot spots and clusters,
and estimate the matching eﬃciencies of diﬀerent regional labor markets.
Our ﬁndings extend the previous literature on spatial matching, includ-
ing Gorter and Van Ours (1994), Burda and Proﬁt (1996) and Burgess and
Proﬁt (2001) in several aspects. We present the ﬁrst thorough analysis of
this kind for Germany, and extend the spatial frameworks used before by an
extensive speciﬁcation analysis. Moreover, unlike any of the previous con-
tributions, our data allowto decompose labor market ﬂow s simultaneously
along the spatial dimension as well as by previous employment status of
newly hired.
However, information about the structure and productivity of the match-
1ing process is not very informative, if, at the same time, the ineﬃciencies
involved in the matching process are high, i.e. an increase in the stocks
leads to the creation of fewer jobs than technically feasible. Similar to re-
cent contributions by Ibourk, Maillard, Perelman, and Sneessens (2001) and
Ilmakunnas and Pesola (2002), we estimate stochastic matching frontiers us-
ing regional data. This enables us to investigate the extent and determinants
of the ineﬃciencies involved in the job creation process. For a policy maker
deciding on labor market policies in certain regions this provides information
about the appropriateness of diﬀerent policy alternatives and can be useful
for cost-beneﬁt evaluations.
The paper proceeds as follows. Section 2 describes the data used through-
out the analysis. In section 3 we investigate spatial dependencies in the labor
market conditions and the job creation process across regional labor mar-
kets in West Germany. After providing evidence that conventional match-
ing studies neglecting the spatial dimension of job creation are misspeci-
ﬁed, section 4 presents results obtained using spatially augmented empirical
matching functions. In section 5 we complement our analysis of the regional
matching function with a stochastic production frontier analysis of regional
matching eﬃciencies. Section 6 concludes.
2 Data issues
The data used for the analysis beloware yearly data on unemployment, va-
cancies and hirings for the years 1980 until 1997 for 117 regions in Western
Germany. The data on the stock of unemployed and vacanies are from oﬃcial
2labor statistics and available for so called Employment Oﬃce Districts. The
hirings are measured on the individual level and stem from an anonymized
representative 1% sample of German social security records provided by the
German Federal Institute for Employment Research (IAB). The database is
supplemented by data on unemployment beneﬁts recipients and by establish-
ment information (see Bender, Haas, and Klose (2000) for details). The data
allowto identify the precise date of a newhire, as w ell as the employment
history and the geographical location (as well as changes in the location) of
the respective individual. In particular, a change in the employment status
of an individual indicates a transition from unemployment to employment
or vice versa. No change in the employment status, but a change in the
ﬁrm identiﬁer indicates a job-to-job transition. Regions are identiﬁed by
locations of employers, thus changes in (plant of) employer identiﬁers can
imply changes in region identiﬁer, and thereby regional mobility. We aggre-
gate newmatches into year-region cells, w here regions correspond to labor
market districts as deﬁned by the Federal Oﬃce of Building and Regional
Planning, and are designed so as to capture travel-to-work areas as good as
possible. We merge the hirings data and the stock data to the respective
coarser region deﬁnition, which is in most of the cases the one from oﬃcial
labor statistics deﬁning regions as Employment Oﬃce Districts. A list with
the labor market regions used in the empirical analysis, as well as a map
indicating their location, are contained in the Appendix.
33 Spatial Dependencies in the Labor Market
This section attempts to shed some light on spatial dependencies in the labor
market. In particular, we investigate whether new jobs, i.e. newly created
employer-employee matches are spatially autocorrelated, and whether the
labor market conditions (levels of newmatches, vacancies and unemploy-
ment) in neighboring regions matter for the job creation process within a
region. The section proceeds as follows. First, we employ tests for global
spatial autocorrelation on the data for newmatches. We then investigate
this issue in some more detail and ask whether there is evidence for local spa-
tial autocorrelation and clusters of regions aﬀecting each other with respect
to labor market outcomes.
The absence of evidence for spatial autocorrelation would indicate that
considering geographic aspects is not crucial for modeling the labor market.
However, we ﬁnd indications for spatial eﬀects. Therefore, we next esti-
mate conventional U/V-matching functions and test for misspeciﬁcation. In
particular, we test the conventional model against alternatives like spatial
autoregression in the dependent variable and spatially autoregressive error
terms. Later, we also provide results from regressing spatial speciﬁcations of
the matching function, including speciﬁcations instrumenting the (spatially)
lagged dependent variable using (spatially) lagged explanatory variables.
3.1 Global and Local Spatial Autocorrelation
In order to reveal the spatial pattern of search and matching behavior on the
labor market, we ﬁrst test whether the variables of primary interest in the
4context of empirical labor market matching exhibit spatial autocorrelation.
Spatial autocorrelation means that the spatial distribution of newsuccessful
matches during a certain deﬁned period of time (in our case a year) exhibits
a systematic pattern. In other words, if new matches are positively spatially
autocorrelated, a high job creation activity in a certain region is associated
with high job creation in nearby regions. Since the data we use consist of cells
of 117 West-German labor market regions, we deﬁne contiguity between two
regions as the regions sharing a common border. The corresponding spatial
weights matrix W is therefore a symmetric 117 × 117 matrix with entries
0 and 1, where 1 indicates contiguity.1 In order to test the null hypothesis
of no spatial autocorrelation, we employ Moran’s I-test for global spatial
autocorrelation, see Anselin and Bera (1999) for details. Where appropriate,
we also report results for alternative measures of global autocorrelation like
Geary’s c and Getis and Ord’s G.
Since also the structure of the explanatory variables matters for the em-
pirical matching context, we apply the testing procedures on new matches,
the dependent variable, and on the stocks of unemployed and vacancies.
Unfortunately, these three tests only utilize the cross-sectional dimension
of the data. Therefore, we replicate the tests for each time period within
the observation window 1980-1997. For reasons of space we only report the
general ﬁndings. Detailed results are available from the authors upon re-
quest. The results can be summarized as follows. There is strong evidence
for positive spatial autocorrelation of the explanatory variables, unemploy-
1The entries on the main diagonal of W are zeros, since a region cannot be contiguous
to itself.
5ment and vacancies, as measured by Moran’s I and Geary’s c. However, the
null cannot be rejected for the dependent variable, hires. The analysis of
Getis and Ord’s G, leads to somewhat diﬀerent conclusions.
According to this measure, newmatches are spatially autocorrelated and
characterized by strong high-valued global clustering. On the other hand,
evidence for clustering in the explanatory variables, particularly regional
unemployment, is weak. These results are interesting in the light of previous
results in the literature. Burgess and Proﬁt (2001) use data for the U.K. and
test their two concepts of dependent variables, outﬂows from unemployment
and ﬁlled vacancies, for spatial autocorrelation using Moran’s I-test. They
ﬁnd strong evidence for spatial spillovers in matching, while our ﬁndings
suggest that there is only very weak if any spatial autocorrelation in the
dependent variables.
Next, we test for local spatial autocorrelation in the data. It turns
out that spatial patterns exhibit substantial heterogeneity across regions.
Moreover, this heterogeneity is fairly stable over time.
According to averages over the years 1980 to 1997 of Moran’s I test statis-
tics the Ruhr area around the cities D¨ usseldorf, Essen and Gelsenkirchen
represents a huge common labor market (cluster), characterized by strong
positive spatial autocorrelation.2 On the other hand, agglomeration areas
surrounded by less densely populated, rural regions, like Hamburg, Frank-
furt, Stuttgart and Munich constitute hot spots characterized by strong
negative spatial autocorrelation that attract many workers from surround-
2Other regions with high test scores for positive autocorrelation are L¨ ubeck, Leer,
Cologne, M¨ onchengladbach, M¨ unster, Korbach.
6ing areas during booms and set free many workers to surrounding areas
during recessions.3
3.2 Spatial Misspeciﬁcation of Conventional MatchingFunc-
tions
In order to ﬁnd out more about spatial dependencies in the matching process,
we regress conventional matching functions of the Cobb-Douglas speciﬁca-
tion
lnmit = A + αlnUit + β lnVit + εit , (1)
where mit denotes the newmatches created in region i within a period of
time, i.e. between t and t +1 ,Uit is the number of unemployed job seekers
in region i at the observation period t,a n dVit is the number of vacancies
in i at t, while α and β are parameters. ε denotes a vector of normally dis-
tributed, homoskedastic and uncorrelated errors. In the presence of spatial
dependencies among observations, this model might be misspeciﬁed. There-
fore, we test this model against two alternative speciﬁcations taking spatial
dependencies explicitly into account. The ﬁrst of these is the spatial error
model. Essentially, a model identical to (1) is estimated, but imposing a
diﬀerent error structure:
εit = λWεit + µit , (2)
with W representing the spatial weights matrix mentioned above, λ denot-
ing the spatial autoregressive parameter, and µ denoting a vector of ho-
moskedastic and uncorrelated errors. The second spatial model we consider
3Other hot spots are Heide, Bremen, Hannover, L¨ uneburg, D¨ uren, Nuremberg.
7is the following mixed regressive spatial autoregressive model, the spatial lag
model:
lnmit = A + αlnUit + β lnVit + ρWmit + εit , (3)
where ρ denotes the spatial autoregression parameter, and Wmit denotes
the spatially lagged dependent variable (the weighted sum of contemporary
matches in neighboring regions). Since the tests make no use of the time
dimension but only of the cross-sectional (regional) variation of the data, we
estimate and test the three models for each year between 1980 and 1997.
The results of these tests reveal that the conventional speciﬁcation of
the matching function (1) can be rejected in favor of one or both alternative
speciﬁcations for every year. For the years 1980, 1981, and 1989-1993, the
conventional model is rejected in favor of the spatial lag model (3), that
is the null that ρ equals zero cannot be rejected for these years, while the
hypothesis that λ equals zero can be rejected at conventional levels. For
the years 1984-1986, the opposite is true. During all the remaining years,
both null hypotheses can be rejected, suggesting that both types of spatial
dependencies play a role in the matching process. This casts doubts on
the validity of results obtained from matching studies using regional data
that neglect spatial dependencies in the variables, like Gorter and Van Ours
(1994).
As a next step, we search for the most preferred speciﬁcation of the
matching process by estimating spatial error and spatial lag models by max-
imum likelihood separately for each year. Using the estimation results we
test whether the hypotheses that λ = 0 in case of the spatial error model
8and ρ = 0 in case of the spatial lag model can be rejected. Generally, with
the exception of four (out of 18) years, we cannot reject both hypotheses
at the 5 percent level. However, ρ = 0 can be rejected at more generous
signiﬁcance levels (around, say, 10 to 12 percent) in most years, in favor of
the spatial lag model. On the other hand, λ = 0 can be rejected only in
three years, 1995-1997, and in the latter two signiﬁcantly (at the 5 percent
level) in favor of the spatial error model. The conclusion we draw from
this is that there is evidence that spatial determinants play some role and
therefore have to be contained in the correct speciﬁcation of the matching
function. The results point rather towards a spatial lag speciﬁcation rather
than a spatial error speciﬁcation.
4 Spatial Structure of Job Creation
This section provides a detailed analysis of the composition of employment
inﬂows with respect to the regional origin and destination of hirees, as well
as their previous employment status.
The ﬁrst part is devoted to checking the robustness of the conventional
matching function speciﬁcation as presented in the previous section with
respect to the choice of the dependent variable. We then look closer into the
migration behavior of workers by investigating the spatial decomposition of
matches and its dependence on the spatial structure of explanatory variables.
As a further issue, we examine whether the German re-uniﬁcation, which
occurs after about half of the observation periods covered by our data, had
an impact on regional migration behavior and the spatial composition of
9newmatches.
4.1 Spatially Augmented Matching Functions
Given the evidence for the importance of spatial issues presented in the
previous section, the ﬁrst question one has in mind is whether the results
obtained by conventional matching functions neglecting the spatial dimen-
sion can still come up with unbiased estimates. To answer this question,
we estimate matching functions of speciﬁcation (1) for diﬀerent concepts of
ﬂows. In particular, we compare the results obtained by taking all ﬂows m
as dependent variable with estimations for taking only individuals stemming
from within the region (mh), newmatches of individuals w ho w ere previously
employed in neighboring regions (mn), or in other non-neighboring regions
(mf). Alternatively, we can decompose ﬂows by the job status of the respec-
tive newemployed: individuals w ho w ere unemployed before successfully
matching (mu), and previously employed job switchers (me).4 Moreover, we
have results for the same concepts, further decomposed as interactions, that
is ﬂows from unemployment decomposed by regional origin (muh,m un,m uf)
and formerly employed job switchers decomposed by where they come from
(meh,m en,m ef). Table 1 contains the sample averages of these diﬀerent con-
cepts of matches over all years and regions in order to give some information
about the quantitative relevance of the diﬀerent measures.
As a consequence of the results of the previous section, we estimate con-
ventional matching functions augmented by spatially autoregressive compo-
4For workers who were unemployed immediately before being hired, we have informa-
tion about the region of their last job.
10Note: All data are aggregated over all 117 regions and averages over the period 1980-1997. Table entries are 
shares of the respective group characterized by regional status prior to current match and employment 
status prior to current match, with respect to total shares (that is they add up to 100 % horizontally). 
* The data cannot identify regional origin of new matches from out of the labor force. Therefore, only 57.9 % of 
the new matches can be decomposed regionally. New hires from out of the labor force, making up for 42.1 
% of all hires, are contained in all hires P, but we refrain from analyzing them separately. Hires with 
missing region identifier are coded as “from other regions” PI , hires with missing employment status 
identifier are coded as from out of the labor force. 
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Table 1: Composition of Hires with Respect to Regional Origin and Em-
ployment Status
nents, as suggested by results on the spatial lag model speciﬁcation. These
estimations are conducted ﬁrst separately for each year, utilizing only the
cross-sectional variation of the data. Then, we also estimate matching func-
tions using the entire panel structure of the data.
For brevity, we only report the main results for the pooled sample in
Table 2.5 As is standard in empirical studies of the matching function (see
e.g. Petrongolo and Pissarides, 2001), we consistently ﬁnd for speciﬁcations
by year as well for as pooled speciﬁcations that the stocks of unemployed
and vacancies exhibit highly signiﬁcant positive eﬀects on the number of
matches with coeﬃcients of between 0.35 and 0.55 for the majority of years
under study.
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2  0.816 0.827 0.617 0.654 0.805  0.817 
Observations  2106 2106 2106 2106 2106  2106 
Note: Robust standard errors are in parentheses. Data contain observations for 117 regions and 18 years (1980-1997). Legend: 
8 unemployment level, 9 vacancy level, :8 unemployment levels in neighboring regions, :9 vacancy levels in 
neighboring regions; \ denotes dependent variable, which is the log of the respective concept of new hires P￿￿DOO all 
hirings, X hirings of formerly unemployed, H hirings of formerly employed. . 
 
Table 2: Empirical Matching Functions with Spatial Dependence
More novel is that consistently for all yearly and pooled speciﬁcations
we ﬁnd a signiﬁcant negative coeﬃcient for the spatially lagged dependent
variable if all hirings are used as dependent variable. In order to account
for potential simultaneity bias, and for robustness, we instrument the spa-
tially lagged dependent variable with spatially lagged observations of the
explanatory variables. While the results for the local explanatory variables
are virtually unaﬀected by this, the coeﬃcient for lagged unemployment
turns out to be signiﬁcantly negative throughout all speciﬁcations, while
the sign of the coeﬃcient for lagged vacancies depends on the concept of the
dependent variable used: the eﬀect is signiﬁcantly positive for all hires and
hires from employment, signiﬁcantly negative for unemployment outﬂows
into employment. Burda and Proﬁt (1996) also use regions sharing a com-
mon border as deﬁnition for spatial contiguity when estimating spatially
12augmented matching functions. They obtain, depending on the selection
criterion for the dependent variable,6 somewhat diﬀerent results with the
eﬀect of spatially lagged vacancies signiﬁcantly positive in the baseline spec-
iﬁcation, signiﬁcantly negative for non-border regions only. The eﬀect of
spatially lagged unemployment is either insigniﬁcant or negative.
The negative eﬀect of matches in neighboring regions on the number of
successful matches in a given region hints at competition for matches be-
tween regions. It seems that regions seem to fare better if their neighboring
regions experience lownewjob creation rates. This is not quite w hat one
would expect. In particular, this ﬁnding means that there is negative spatial
autocorrelation among regions with respect to matches. However, the pic-
ture becomes a bit more diﬀerentiated once one instruments spatially lagged
matches using spatially lagged unemployment and vacancy levels. The neg-
ative eﬀect of unemployment in neighboring regions seems to catch a cyclical
eﬀect: the higher the unemployment rates in other regions, the worse the
economic situation, resulting in fewer matches. This argumentation seems
validated by the fact that unemployment rates are spatially autocorrelated,
as was reported before. Moreover, the ﬁnding hints at congestion eﬀects,
since, if a certain number of vacancies is to be ﬁlled, more non-resident un-
employed job applicants crowd-out local applicants thereby decreasing the
eﬃciency of the matching process. On the other hand, the positive eﬀect
of labor demand conditions in neighboring regions, as measured by vacancy
rates, seems to express cyclical contingencies between regions: If ﬁrms are
6That is, whether district dummies or dummies for macro regions or only non-border
regions are included.
13willing to create more jobs and thus post more vacancies, this is positively
correlated to the number of matches also in neighboring regions. This ﬁnding
is corroborated by the positive spatial autocorrelation found for vacancies
in the preceding section.
The results for the matching functions (including a constant and a linear
time trend) exhibit highly signiﬁcant, positive coeﬃcients for both stocks,
unemployed and vacancies for all concepts of ﬂowdata used as dependent
variable. The time trend is signiﬁcantly negative in all panel speciﬁcations.
Overall, the signiﬁcant eﬀects of spatially lagged variables suggest that es-
timation results obtained with conventional matching functions neglecting
spatial dependencies are biased.
Unlike previous studies of spatial matching functions, like Burda and
Proﬁt (1996) and Burgess and Proﬁt (2001), we are able to distinguish la-
bor market ﬂows along several dimensions. When decomposing ﬂows by
source of origin, it turns out that while the elasticity of the respective con-
cept of matches with respect to unemployment, ˆ α, is roughly the same as the
elasticity with respect to vacancies, ˆ β, or slightly smaller, ˆ α is larger than
ˆ β if ﬂows out of unemployment into employment are considered. On the
other hand, ˆ α is smaller than ˆ β if job-to-job changes are regressed. These
diﬀerences can be expected as a result of misspeciﬁcation stemming from
omitting relevant unobservable explanatory variables in the estimation. A
discussion of the underlying mechanisms leading to these results is beyond
the scope of this paper.7 However, it is worth noting that spatially lagged
7See Sunde (2002) for a formal treatment of the bias resulting from an omission of
unobservable endogenous search on both sides of the labor market. Another interpretation
14unemployment has a consistently negative eﬀect on matches regardless of
the ﬂowconcept used as dependent variable. On the other hand, spatially
lagged vacancies aﬀect all hires, and hires from employment positively, but
hires from unemployment signiﬁcantly negatively. This can be interpreted as
evidence that higher job creation activity elsewhere leads more unemployed
to search elsewhere for jobs, and thus causes more regional emigration, indi-
cating negative spatial autocorrelation in the reverse direction as discussed
above.
The data allowus to investigate these issues further by checking w hether
this pattern remains once one considers regional heterogeneity among the
newmatches. Indeed, the diﬀerences are qualitatively the same, and quanti-
tatively even slightly stronger when only matches of individuals who stayed
within the same region (mh) are considered.8 T h es a m ei st r u ef o rm a t c h e s
of individuals immigrating from neighboring regions. In contrast, results
of coeﬃcient estimates for ﬂows from diﬀerent labor market status do not
diﬀer for individuals immigrating from non-neighboring regions: ˆ α is always
slightly smaller than ˆ β. These ﬁndings suggest that for intra-regional mi-
gration or migration between contiguous regions, labor market status has
crucial eﬀects on demand and supply elasticities, and therefore in some sense
segments the labor market. On the other hand, status matters a lot less for
far-distance migrants. These results are also broadly robust to estimations
of the data indicates the relevance of an adverse selection mechanism, see Kugler and
Saint-Paul (2001).
8Regionally decomposed employment ﬂows will be investigated in more detail in section
4.2. Results for regional decomposition of ﬂows are presented in Table 3, albeit for a
somewhat diﬀerent speciﬁcation.
15which only use cross-sectional variation (year-by-year).
In order to infer more about the structure of inter-regional dependen-
cies in job creation, we estimate spatially augmented matching functions
separately for clusters and hot spots and confront them with the results
obtained from the pooled sample. Of speciﬁc interest is the comparison of
the results when instrumenting non-resident matches by non-resident un-
employed job seekers and vacancies. While for the pooled sample, spatially
lagged unemployment has a signiﬁcantly negative eﬀect on newhirings, the
eﬀect of spatially lagged vacancies is insigniﬁcant. If one concentrates on
clusters, the eﬀect of spatially lagged unemployment becomes signiﬁcantly
positive: unemployed from neighboring regions search all regions that form
a cluster for newemployment, and accept jobs they get oﬀered. Vacancies
in neighboring regions again play no signiﬁcant role. The opposite is true for
hot spots: spatially lagged unemployment decreases job creation in a given
hot spot region signiﬁcantly (and to a greater extent than in the regression
for the pooled sample), likewise do spatially lagged vacancy levels. This
result could be expected given the negative spatial autocorrelation of hot
spots, and the fact that the pools of unemployment and vacancies in spa-
tially contiguous regions both aﬀect job creation in these contiguous regions
positively.9
4.2 The Eﬀect of German Re-uniﬁcation
German re-uniﬁcation has had a huge impact on German labor markets.
When analyzing regional migration and job creation behavior, this event
9detailed results are available from the authors upon request.
16cannot be neglected. The question is whether re-uniﬁcation has had any im-
pact on inter-regional migration, e.g. because individuals started migrating
to Western Germany for jobs trying to avoid unemployment or increase their
salary. We approach this issue by regressing regional matching functions of
the form of Equation (1) with an additional dummy for the post-reuniﬁcation
period. Since the data cover the years 1980 until 1997, the dummy takes
the value zero for the years 1980 to 1989, and one for the later years. Table
3 contains results for diﬀerent speciﬁcations of the dependent variable. The
results of these regressions are striking. The eﬀect of re-uniﬁcation on all
hirings turns out insigniﬁcant for both speciﬁcations, with spatial lags de-
ﬁned as aﬀecting contiguous regions (neighbors) and non-contiguous regions
(other regions which share no common border with the region in question).
However, the dummy is highly signiﬁcant and positive for matching functions
with matches from non-neighboring regions, mf, as dependent variable, and
signiﬁcantly negative for matches from neighboring regions, mn,a sr e g r e s -
sand.10 This reﬂects the fact that migration from Eastern Germany indeed
played an important role in the aftermath of re-uniﬁcation. The negative
eﬀect on matches from contiguous regions originates from the fact that the
source regions of ﬂows from East German regions have by convention in the
10Note that matches from non-contiguous regions are regressed on spatially lagged ex-
planatory variables. For obvious reasons, spatial lags apply to non-contiguous regions in
this case. On the other hand, for the speciﬁcation with hirings from neighboring regions
as dependent variable, explanatory variables are spatially lagged with lags pertaining to
contiguous regions.
17creation of the data set no common borders with West-German regions.11
Intensiﬁed ﬂows from Eastern Germany therefore decreased the importance
of ‘neighboring migration’. Corroborating this is the ﬁnding that hirings of
locals, mh, have been negatively aﬀected by re-uniﬁcation. Further results
not contained in the table suggest that if matches won by non-locals as a
share of all matches or the ratio of non-local matches over local matches
are taken to be the dependent variable, the re-uniﬁcation dummy is highly
signiﬁcant and positive. This provides again strong evidence that overall
regional mobility increased signiﬁcantly as a consequence of the political
process. Our results also conﬁrm evidence provided by Hunt (2000) who
also ﬁnds that there was substantial emigration from East to West Germany
in the aftermath of re-uniﬁcation. Interestingly, the coeﬃcients of spatially
lagged unemployment is not signiﬁcantly diﬀerent from zero if ‘far-distance’
migration mf is concerned, while the coeﬃcient for spatially lagged vacan-
cies is signiﬁcantly negative, but relatively small. We take this as evidence
for economy-wide cyclical eﬀects.
5 Eﬃciency of Regional Matching
A considerable number of empirical matching studies investigates the vari-
ation in the matching process across regions, see Petrongolo and Pissarides
(2001) for an overview. However, evidence about the eﬃciency of the match-
ing process and its determinants, in particular in the regional context is
11As a consequence, even if workers move from a contiguous Eastern region into a
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2  0.827  0.815  0.756 0.590 0.813 
Observations  2106  2106  2106 2105 2106 
Note: Robust standard errors are in parentheses. Data contain observations for 117 regions and 18 years (1980-1997). Legend: 8 
unemployment level, 9 vacancy level, :8 unemployment levels in neighboring regions, :9 vacancy levels in neighboring 
regions, :8 unemployment levels in other, non-neighboring, regions, :9 vacancy levels in other, non-neighboring. regions; \ 
denotes dependent variable, which is the log of the respective concept of new hires: P￿DOO all hirings, PK all hirings from same 
region, PQ from neighboring region, PI from non-neighboring region. 
 
Table 3: Empirical Matching Functions with Spatial Dependence by Re-
gional Origin and Eﬀects of Re-Uniﬁcation
19scarce. In this section, we analyze the the eﬃciency of the matching pro-
cess in a stochastic frontier framework following the approach proposed by
Battese and Coelli (1995).12
5.1 The Stochastic MatchingFramework
Unlike in the conventional matching framework used before, we explicitly
take account of ineﬃciency in the matching process. The ineﬃciency term
can itself be a function of a set of explanatory variables Z. The ﬁrst ele-
ment of the Z-vector, Z0, is a constant. Moreover, the composition of the
regional labor force with respect to age and educational background seem
relevant factors for explaining matching eﬃciencies. Therefore, we add the
the shares of workforce younger than 25 years and older than 50 years in the
respective region, as well as shares of workers with low education and high
education, and the ratio of vacancies to unemployed in the respective region
measuring labor market tightness as explanatory variables of ineﬃciency.
As loweducation, w e deﬁne individuals w ho neither successfully completed
high school (Abitur), nor obtained a vocational degree. Individuals have
high education, if they hold a degree from a university or an applied univer-
sity (Fachhochschule). Furthermore, Z contains a deterministic time trend.
The share of the total variance of the process explained by ineﬃciency is a
measure of the importance of ineﬃciencies. A prediction of the matching
12To our knowledge, only two other contributions apply a stochastic frontier approach
to regional data in a matching context. Ibourk et al. (2001) analyze the job creation
patterns using French data, while Ilmakunnas and Pesola (2002) study matching eﬃciency
for Finland.
20eﬃciency of a particular regional labor market can be obtained by insert-
ing the respective coeﬃcient estimates into the stochastic matching frontier
function.
Table 4 presents the main results for speciﬁcations with all hirings of
non-employed individuals as dependent variable.13 The data allowto iden-
tify matches with respect to the region of origin of the hiree. Column (1)
presents results for a speciﬁcation with all hirings of non-employed individ-
uals in a given period and in a given region as dependent variable. The
explanatory variables are the local stocks of unemployed and vacancies, the
stocks of unemployed and vacancies in neighboring regions, and the respec-
tive stocks in non-neighboring regions. The stocks of job searchers and va-
cancies in non-neighboring regions do not aﬀect matches signiﬁcantly. Stocks
in neighboring regions tend to signiﬁcantly decrease matches, presumably
because of competition eﬀects between local and non-local job search. Local
unemployment and vacancies enter signiﬁcantly positive. The elasticity of
matches from non-employment with respect to unemployed is, with a value
of 52 percent, larger than that with respect to vacancies (34 percent). The
time trend is signiﬁcantly negative, indicating a decrease in total matching
eﬃciency over time.
With regard to matching eﬃciency, the higher the fraction of young indi-
13We take this concept of ﬂows as preferred speciﬁcation since employment inﬂows of
non-employed individuals reﬂects the relevant stock of unemployed job seekers in the
matching function. At the same time, ﬂows from nonemployment contains less potential
for mismeasurement than inﬂows from unemployed, which miss e.g. unemployed individ-
uals in active labor market programs.
21  Dependent variable: logarithm of hirings from non-employment  
































































    
















Inefficiency term 	:       
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Log (likelihood)  -142.895  -1131.618  -2215.169  -384.954 
N 2106  2106  2106  2106 
Note: Standard errors are in parentheses.  σ
￿










5￿￿ A significant positive 
coefficient for γ  indicates that a stochastic production frontier model is superior to simply estimating the model using 
ordinary least squares. Refer to the text for details. µ  denotes the estimated mean of the distribution of the of the error 
for the technical inefficiency. η  accounts for time variance in the efficiencies, specifically for η !0 technical 
efficiency improved over time while for η ￿0  the technical efficiency decreases over time. 
 
Table 4: Stochastic Matching Frontier Estimates of Hiring Eﬃciency of
Regions, 1980-1997
22viduals in the labor force, the lower the ineﬃciencies in the regional matching
process. The inﬂuence of the fraction of old individuals is not signiﬁcant,
however. Somewhat surprisingly, the higher the fraction of people with a
loweducational background, the low er the matching ineﬃciency. This might
have to do with the fact that these individuals are hired for jobs without
particular requirements, and therefore are not screened very carefully, which
facilitates the matching. But also the more individuals with high education
populate the labor market, the more eﬃcient the matching of unemployed
and vacancies. This seems contradictory, but might have to do with the
fact that higher search eﬃciency of highly educated individuals, as well as
more directed search on both sides of this segment of the labor market might
overcompensate more stringent screening requirements. Note, that quanti-
tatively the eﬀect of the fraction of highly educated is almost twelve times as
high as the one for the fraction with low education. Finally, the tighter the
labor market, the more ineﬃcient the matching process, presumably since
search frictions in the form of coordination problems increase when ﬁrms
obstruct each other in the search for newemployees. Overall, variation in
the ineﬃciency term explains about 80 percent of the total variation of all
matches from non-employment.
In column (2), we present estimation results for matches of individuals
who were non-employed before encountering the new match, but whose pre-
vious employer was located in the same region as their new one. Explanatory
variables are local stocks of unemployed and vacancies. Again, both enter
signiﬁcantly positive, but the impact of unemployment is much larger than
23in the speciﬁcation for non-employed matches from all regions, with a coeﬃ-
cient estimate of 0.8, while the vacancy elasticity of matches is only around
0.13. The time trend is negative. As for the ineﬃciency term, all eﬀects
are qualitatively the same as for speciﬁcation (1) with one exception. The
fraction of highly educated individuals nowtends to increase ineﬃciency,
but this eﬀect is not signiﬁcantly diﬀerent from zero. Also in contrast to
the results for all matches from non-employment, the variation in the ineﬃ-
ciency term explains virtually all the variation in matches of non-employed,
local individuals.
The same result is found for matches of non-employed, who were previ-
ously employed in neighboring regions, column (3), and in non-neighboring
regions, column (4), as dependent variable. In these two speciﬁcations, the
ﬂowof newmatches is regressed on the stock of local vacancies, and the
stock of unemployment in neighboring and non-neighboring regions, respec-
tively. These are the relevant stocks, since employment inﬂows are recorded
in the region under observation, such that only local vacancies can account
for their creation. But since the inﬂows explicitly contain non-employed in-
dividuals with origin in neighboring or non-neighboring regions, they must
have been contained in the unemployment pool of their respective region of
origin, and not the destination region.
While for ﬂows from neighboring regions (column 3) and for ﬂows from
non-neighboring regions (column 4) local vacancies signiﬁcantly increase the
number of matches, the relevant stock of unemployed searchers has only a
signiﬁcant positive impact on job creation for matches from neighboring
24regions.
The determinants of of ineﬃciencies in the matching process in the spec-
iﬁcations to capture competition eﬀects between unemployed in neighboring
regions and local unemployed . The estimates showthat the higher the local
unemployment stock, the more eﬃcient is the matching process with respect
to applicants from neighboring regions.
For ﬂows from neighboring regions (column 3) the determinants of match-
ing ineﬃciencies exhibit some novel features. The positive impact of the
number of young workers and of those workers with high education in the
labor force in a region, as well as the negative impact of labor market tight-
ness on matching eﬃciency is strongest for matches from neighboring re-
gions. Only for this speciﬁcation we ﬁnd that the number of old workers in
the labor market increases the ineﬃciency in the matching process. Also at
odds with the ﬁndings for the other speciﬁcations is the result that a larger
fraction of people with low education background lowers the matching eﬃ-
ciency, although this eﬀect is not signiﬁcant.
When matches of non-employed from non-neighboring regions are the
dependent variable (column 4), the determinants of ineﬃciencies are qual-
itatively the same as for the benchmark speciﬁcation (column 1) with the
exception that the tightness of the local labor market has no eﬀect.
5.2 Regional Matching Eﬃciencies
The regions can be ranked with respect to their matching eﬃciency esti-
mates. The resulting rankings of the ﬁve regions with the highest and the
25ﬁve with the lowest matching eﬃciencies for the same speciﬁcations as dis-
played in Table 4 are presented in Table 5. Apparently, for all matches from
non-employment (speciﬁcation 5), southern regions around Munich (regions
112, 113, 114) exhibit particularly high matching eﬃciencies, while rural,
thinly populated areas in Northern Germany exhibit the relatively lowest
eﬃciency estimates. The picture changes when one looks at matches from
the same region. The highest eﬃciencies are found in regions which are rel-
atively remote from major urban areas, and which obviously recruit most
of their hirees from within the same region. On the other hand, the lowest
respective eﬃciency estimates are found for densely populated areas like in
the Ruhr area, or in regions which neighbor major urban agglomeration ar-
eas. Interestingly, major cities like Frankfurt (region 51), Bremen (region 7),
Cologne (region 39), Hamburg (region 2) and D¨ usseldorf (region 33) are the
ﬁve areas exhibiting the highest eﬃciencies for matches from neighboring
regions. Apparently, these cities attract people from surrounding regions,
while remote areas close to borders or far away from agglomeration centers
exhibit the lowest respective eﬃciencies. Finally, cities like Hamburg (region
2), Munich (region 112), Frankfurt (region 51), Stuttgart (region 89) and
Cologne (region 39) are also those with the highest eﬃciency estimates for
matches from non-neighboring regions, and successfully attract hirees from
regions located further away. Again, remote, rural areas exhibit the opposite
feature of extremely lowmatching eﬃciencies in this respect.
Regressing predicted eﬃciency estimates on turnover, squared turnover
and employment delivers estimation results displayed in Table 6. These
26 
Specification (cf. 





















region              eff.
Rank 1  113  0.932  113  0.799  51  0.861  2  0.769 
Rank 2  112  0.926   93  0.669  7  0.823  112  0.598 
Rank 3  114  0.926  103  0.614  39  0.816  51  0.545 
Rank 4  93  0.920  58  0.538  2  0.808  89  0.527 
Rank 5  19  0.923  96  0.519  33  0.790  39  0.504 
Rank 113  10  0.531  40  0.118  22  0.247  3  0.109 
Rank 114  64  0.529  28  0.091  17  0.237  110  0.105 
Rank 115  16  0.503  8  0.089  79  0.202  17  0.101 
Rank 116  17  0.475  17  0.080  3  0.196  16  0.094 
Rank 117  8  0.387  80  0.080  116  0.186  8  0.091 
Note: Region numbers refer  to the regions as listed in Appendix Table A2. Efficiency estimates refer  to estimates of 7(￿ Ranks   
performed on average efficiency over 1982-1997. 
  
Table 5: Predicted Eﬃciencies with Stochastic Frontier Model. Regions
with Highest and Lowest Technical Eﬃciency
results are considerably heterogeneous and not straightforward to inter-
pret. While for all matches from non-employment as dependent variable
the matching eﬃciency is higher the higher the turnover in the respective
cell, the opposite is true when more spatial structure is added and matches
are distinguished by geographic provenance of the hirees: Ineﬃciencies in-
crease as turnover becomes higher. With the exception of all matches, the
squared turnover eﬀect is insigniﬁcant, which might explain some of the
diﬀerences in the coeﬃcient estimates for the linear term. The higher the
employment level in a given region, the less eﬃcient the matching process
for non-employed, as well as for non-employed from neighboring and from
non-neighboring regions. In contrast, higher employment levels increase the
eﬃciency of the matching process of local job seekers. This result indicates
that there might be something like a home ﬁeld advantage with respect to
search frictions and competition for vacant jobs.
27  Dependent variable: Average technical matching efficiency of region over the 
period 1980-1997 
































































2  0.598 0.483  0.191  0.807 
N 1872  1872  1872  1872 
Note: Standard errors are in parentheses.  See text in this chapter for details about the specification. P￿is the respective concept of hires in 
the given region per period, HPS is the level of employment in the given region. 
Table 6: Determinants of Regional Hiring Eﬃciency, 1980-1997
6C o n c l u s i o n
This paper investigates spatial dependencies across regional labor markets,
in particular with regard to job creation. We ﬁnd strong evidence for spatial
autocorrelation in hirings for some labor market regions in West Germany.
In particular, we isolate regions with signiﬁcantly positive spatial autocorre-
lation in job creation (clusters), and regions where hirings are characterized
by signiﬁcantly negative spatial autocorrelation (hot spots). Furthermore,
the results indicate that conventional empirical matching functions neglect-
ing the spatial component are misspeciﬁed. We provide evidence that spatial
lag models characterize the matching process better.
The estimation results for spatially augmented matching functions in-
dicate that job creation is negatively aﬀected by job creation in contigu-
ous regions. Spatially lagged unemployment aﬀects the hiring process in a
given region negatively. This result is robust for several concepts of ﬂows to
employment. Once spatial matching functions are estimated separately for
28clusters and hot spots, these ﬁndings are put into perspective, with spatially
lagged unemployment aﬀecting hires positively in clusters, but negatively in
hot spots. In general, the ﬁndings indicate that the concept of a matching
function is empirically conﬁrmed even in the presence of an explicit spatial
dimension. German re-uniﬁcation increased newhires from non-neighboring
regions, which include among others also East German regions, signiﬁcantly.
The eﬃciency of the matching process exhibits considerable heterogene-
ity across regions. The results for spatial disaggregation are per se inter-
esting, and reveal the importance of considering regional labor markets and
ineﬃciencies in their particular matching processes. The evidence presented
in this paper indicates considerable diﬀerences between matching processes
of individuals with diﬀerent regional provenance and illustrates the impor-
tance of distinguishing ﬂows by their respective source regions.
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